Learning from past interactions with the environment is critical for adaptive behavior. Within 2 the framework of reinforcement learning, the nervous system builds expectations about future 3 reward by computing reward prediction errors (RPEs), the difference between actual and predicted 4 rewards. Correlates of RPEs have been observed in the midbrain dopamine system, which is thought 5 to locally compute this important variable in service of learning. However, the extent to which 6 RPE signals may be computed upstream of the dopamine system is largely unknown. Here, we 7 quantify history-based RPE signals in the ventral pallidum (VP), an input region to the midbrain 8 dopamine system implicated in reward-seeking behavior. We trained rats to associate cues with 9 future delivery of reward and fit computational models to predict individual neuron firing rates 10 at the time of reward delivery. We found that a subset of VP neurons encoded RPEs and did 11 so more robustly than nucleus accumbens, an input to VP. VP RPEs predicted trial-by-trial task 12 engagement, and optogenetic inhibition of VP reduced subsequent task-related reward seeking. 13 Consistent with reinforcement learning, activity of VP RPE cells adapted when rewards were 14 delivered in blocks. We further found that history-and cue-based RPEs were largely separate 15 across the VP neural population. The presence of behaviorally-instructive RPE signals in the VP 16 suggests a pivotal role for this region in value-based computations.
INTRODUCTION
Adaptive behavior is characterized by responding flexibly to stimuli in our environments. Such flexibility is made 19 possible by learning from past interactions with the environment to best inform future behavior. The framework 20 of reinforcement learning is a well-established approach for describing how individuals flexibly interact with envi-21 ronments to maximize reward (Sutton and Barto, 1998) . Reinforcement learning frameworks formalize the notion 22 that individuals integrate information about past rewards to make predictions about the future. Deviations from 23 these predictions, known as reward prediction errors (RPEs), are used to iteratively update future predictions 24 (Rescorla and Wagner, 1972) . One remarkable extension of reinforcement learning to neuroscience was the discov-25 ery that midbrain dopamine neurons encode RPEs (Schultz et al., 1997) and do so over local timescales (Bayer 26 and Glimcher, 2005) . 27 Despite the influence of the discovery of dopamine neuron RPE signaling, little is known about how upstream 28 brain structures contribute to the calculation of RPEs to drive learning. The ventral palldium (VP) is a basal 29 ganglia output region with dense reciprocal connectivity with dopamine neurons in the ventral tegmental area 30 (Watabe-Uchida et al., 2012; Beier et al., 2015; Root et al., 2015; Tian et al., 2016; Faget et al., 2018) . Importantly, 31 VP is known to signal reward value (Tindell et al., 2006 (Tindell et al., , 2009 Tachibana and Hikosaka, 2012; Richard et al., 2016 Richard et al., , 32 2018 Ottenheimer et al., 2018; Fujimoto et al., 2019; Ottenheimer et al., 2019) Dashed lines indicate window used for analysis in (g-h,j) and all equivalent analysis in subsequent figures. (g) Coefficients from a linear regression fit to the activity of all neurons and the outcomes on the current and preceding 10 trials. (h) Schematic of model-fitting and neuron classification process. For each neuron, the reward outcome and spike count following reward delivery on each trial were used to fit three models: RPE, Current outcome, and Unmodulated. Akaike information criterion (AIC) was used to select which model best fit each neuron's activity (right). (i) Mean(+/−SEM) activity of neurons best fit by each of the three models, plotted according to previous and current outcome. (j) Trial history linear regression for each class of neuron. et al., 2014; Leung and Balleine, 2015; Root et al., 2015; Richard et al., 2016; Faget et al., 2018; Tooley et al., 35 2018; Stephenson-Jones et al., 2019) . Although the predominant view is that dopamine neurons locally compute 36 RPEs by combining distributed, mixed inputs (Keiflin and Janak, 2015; Tian et al., 2016) , recent reports of RPE-37 like signals in the ventral pallidum (VP) encourage research into whether this structure may already encode a 38 quantitative RPE signal (Tian et al., 2016; Stephenson-Jones et al., 2019) .
39
Here, we recorded from VP in rats performing a series of reward-seeking tasks. Using these data, as well as our 40 previously published dataset (Ottenheimer et al., 2018) , we demonstrate that VP neural activity is quantitatively 41 consistent with an RPE signal. By adapting and fitting computational models to predict the spike counts of 42 individual neurons, we classify a subset of VP neurons as RPE-encoding. Importantly, we demonstrate that our 43 RPE model predicts key features of VP neural activity, including RPE tuning and trial-by-trial firing rates, in 44 contrast to poorer prediction of these features in neural activity of the nucleus accumbens (NAc), a main input 45 to VP. We further find that VP RPE neuron activity predicts subsequent task engagement, and inhibition of 46 VP correspondingly reduces task engagement. Finally, we show that influences of outcome history and reward-47 predicting cues are largely separable across the population.
48

RESULTS
49
Ventral pallidum neurons signal prediction errors according to reward preference 50 As published previously, we trained rats to associate a cue with future delivery of sucrose or maltodextrin and 51 extracellularly recorded from VP neurons (n = 436) (Ottenheimer et al., 2018) . In each trial, rats responded 52 to a 10-second white noise cue that indicated the availability of 10% solutions of either sucrose or maltodextrin 53 contingent upon entry into the reward port ( Figure 1a ). In this task ("random sucrose/maltodextrin"), there was 54 only one cue, which predicted sucrose or maltodextrin reward with equal probability. This task design ensured 55 rats could not accurately predict upcoming rewards ( Figure 1b ). As reported previously (Sclafani et al., 1987; 56 Ottenheimer et al., 2018) , rats preferred sucrose when given free access to both sucrose and maltodextrin in their 57 homecage, despite the rewards' equivalent caloric value ( Figure 1c ). Nevertheless, they licked robustly for both 58 during the task (Figure 1d ), reflecting the high palatability of both outcomes. This feature allowed us to control for 59 any motor component to reward-specific signaling. Despite the similar licking pattern, sucrose and maltodextrin 60 evoked significantly different neural responses, with higher mean firing rate when sampling sucrose (Wilcoxon 61 sign-rank test on all neurons' mean firing 0.75-1.95s after sucrose or maltodextrin delivery, p < 10 −10 ), consistent 62 with the rats' preference for sucrose ( Figure 1e ). Moreover, the previous outcome modulated the reward signal in 63 a direction consistent with reward prediction error (RPE) coding ( Figure 1f ). For example, receiving sucrose on 64 the previous trial increased expectation of future sucrose, leading to decreased firing when sucrose was delivered 65 on the current trial. The expected trend held true for all combinations of past/current outcomes, suggesting that 66 VP neural activity might contain an RPE signal.
67
Intrigued by the possibility of RPE signaling in VP, we expanded upon our prior findings by quantifying the 68 impact of current and previous outcomes on reward-evoked firing in VP. We applied a linear regression that has 69 previously been used to quantify the effect of reward history on dopamine neuron firing (Bayer and Glimcher, 70 2005). Consistent with our previous findings (Ottenheimer et al., 2018) , across all neurons, only the current trial 71 and previous trial significantly impacted firing rates at the time of the outcome (Figure 1g ). While this pattern of 72 regressors is consistent with RPE coding, it is on a much shorter timescale than has been observed for dopamine 73 neurons (Bayer and Glimcher, 2005) , and is shorter than typical history effects in other brain regions (Kepecs 74 et al., 2008; Padoa-Schioppa, 2009; Asaad and Eskandar, 2011; Cai and Padoa-Schioppa, 2012) . One limitation 75 of our linear regression approach is it assumes that VP is largely homogeneous, which risks introducing bias into 76 coefficient estimates. This leaves open the possibility that VP contains subsets of neurons that encode reward 77 history on a longer timescale.
78
To identify neurons in VP sensitive to reward history, we developed three models to fit the firing rates of 79 individual neurons, corresponding to three potential patterns of neuronal activity. The first model, 'RPE', fit 80 spike counts as a function of estimated RPEs (Figure 1h ). This model generated trial-by-trial value estimates 81 (V ) which constituted reward predictions. On each trial, an RPE was generated by the difference between actual 82 and predicted rewards, and this RPE was multiplied by a learning rate (α) before updating V for the next trial 83 (Rescorla and Wagner, 1972) . Small values of the learning rate allow for integration of reward history multiple trials 84 into the past. We also fit two additional models to serve as controls, one in which the spike count was determined 85 only by the current outcome ('Current outcome'), and one with no impact of outcome ('Unmodulated'). We used 86 maximum likelihood estimation to fit the models to each neuron and selected the most parsimonious model using 87 the Akaike information criterion (AIC), which selects the best-fit model after penalizing for model complexity.
88
This classification process revealed that 17% of neurons were best described by the RPE model, and another 89 29% were best fit by the current outcome only ( Figure 1h ); notably, of the 47% of neurons we had previously 90 classified as sucrose-preferring in our prior work (Ottenheimer et al., 2018) , 74% were classified as either RPE or 91 current outcome here, suggesting the modeling approach relatively faithfully captured reward preference-encoding 92 neurons. We plotted the mean activity of each subset of neurons for each combination of previous and current outcome 94 and found agreement between firing rate and the predictions of each model (Figure 1i ). We then performed the 95 same reward-history linear regression, except on each subset of neurons rather than the entire VP population; this 96 revealed an exponential decay-like influence of multiple previous trials on firing of neurons best fit by the RPE 97 model, indicating that VP neurons modulated by reward history were in fact integrating information over a more 98 extended period of time ( Figure 1j ). Indeed, the mean (median) learning rate across all neurons was 0.56 (0.52); 99 this corresponds to an exponential learning process with a half-life of 0.84 (0.94) trials, indicating that neurons 100 accumulate information over ∼ 4.22 (4.72) trials to reach a steady-state value estimate. Thus, given the closely 101 matched caloric value and motor responses to each reward, these data indicate that some VP neurons signal a 102 history-based RPE according to reward preference.
103
VP encodes reward preference RPEs more robustly than nucleus accumbens, a key input structure 104 We next asked how faithfully VP neurons encoded RPEs. Our fitting procedure allowed us to recover trial-by-trial 105 estimates of RPEs, based on parameter estimates for that individual neuron as well as the outcome history for that 106 session. We found that the activity of both individual neurons (Fig 2a) and the average across all RPE neurons 107 (Fig 2b) were strongly correlated with model-derived RPEs. Importantly, this approach revealed a finer dynamic 108 range of firing than was revealed by only looking at current and previous outcomes ( Figure 1i ). We next generated 109 RPE tuning curves for these neurons and, as expected, found a strong monotonic relationship (t 3,961 = 40.3, 110 p < 10 −10 , linear relationship between RPEs and z-scored firing rates). As a stronger test, we used parameters 111 estimated for each neuron to simulate RPE-correlated spike counts and generated an 'ideal' RPE tuning curve. We 112 observed a clear overlap between real and simulated tuning curves (Fig 2d) . Finally, we quantified the correlation 113 between predicted spikes and real spikes and found good agreement (Pearson's correlation coefficient: mean -0.34, 114 median -0.31; Fig 2e-f ).
115
To contextualize the robustness of the RPE responses in VP, we ran the same analysis on neurons (n = 183) 116 recorded during the same task in nucleus accumbens (NAc) (Ottenheimer et al., 2018), a relevant comparison 117 region because NAc is a major input to VP and, like VP, has reciprocal connections with dopamine neurons in the 118 ventral tegmental area (Groenewegen and Russchen, 1984; Lu et al., 1997; Watabe-Uchida et al., 2012; Beier et al., 119 2015) . We found fewer cells whose activity was fit best by the RPE model in NAc than in VP (8% versus 17%, χ 2 120 = 8.3, p < 0.01) and by the current outcome model (14% in NAc versus 29% in VP, χ 2 = 13.6, p < 0.001) ( Figure 121 2c). Moreover, NAc neurons classified as RPE-signaling were described less well by the model than similarly 122 classified VP neurons. This was evident by a poorer match between real and simulated neuron tuning curves 123 (mean squared error between real and simulated tuning curves; bootstrapped 95% confidence intervals: [1.23 1.38] 124 in VP, [1.45 1.78] in NAc; Figure 2d ) and in poorer correlation between model-predicted and actual spiking for 125 individual RPE neurons (Pearson's correlation coefficient: mean -0.18, median -0.15; Wilcoxon rank-sum test p 126 < 0.001; Figure 2e -f). Since striatal activity has been a focus for studies examining the influence of reward history 127 on outcome-evoked signaling (Asaad and Eskandar, 2011; Stalnaker et al., 2012; Kim et al., 2013; Bloem et al., 128 2017; Shin et al., 2018) , it is notable that VP, typically thought of as inheriting its firing from NAc, has more 129 robust RPE signaling than NAc.
130
VP RPE activity mediates trial-by-trial task engagement 131 The presence of RPE signaling in VP raised the question of whether rats modulated their behavior in response 132 to prediction errors. Because the rats were freely moving, the decision to participate in the task represented a 133 trade-off between reward seeking and competing interests, including rest, grooming, and exploring the behavioral 134 chamber (Niyogi et al., 2014) . To determine whether rats adjusted their behavior in response to reward outcomes, 135 we analyzed videos (n = 13) from the recording sessions of four of our five VP rats (Mathis et al., 2018; Nath et al., 136 2019) . To estimate task engagement on a trial-by-trial basis, we calculated the average distance from the port in 137 each intertrial interval (ITI). This analysis revealed instances where rats traveled far from the reward port and, 138 in some cases, remained far from the reward port at the beginning of the next trial ( Figure 3a ). Rats typically 139 moved further from the port during the ITI following maltodextrin (Figure 3b ). Consistent with the idea that 140 prediction errors guide this behavior, there was, on average, a negative correlation between the activity of VP 141 RPE cells (n = 60 from these sessions) following reward delivery and distance from the port during the following 142 ITI (p < 0.001 compared to shuffled data, figure 3c). The negative correlation indicates rats traveled around 143 the chamber and remained far from the reward port following strong negative prediction errors; conversely, they 144 remained closer following strong positive prediction errors. We next sought to determine whether VP activity 145 Figure 3 . VP RPE activity mediates trial-by-trial task engagement. (a) All locations of a rat from an example session during the intertrial interval (ITI) following sucrose delivery (left) and maltodextrin delivery (right). Each circle is one location during a 0.2s bin. X marks the location at cue onset for the subsequent trial. Chamber is 32.4cm x 32.4cm (approximately 306 x 306 pixels). (b) Average distance from the port during ITI following sucrose (orange) and maltodextrin (pink) trials. Gray lines represent average for one subject in one session. * = p < 0.05, Wilcoxon signed-rank test. (c) Distribution of correlations between individual VP RPE neurons' firing rates on each trial and the distance traveled during the subsequent ITI. * = p < 0.001 for significant negative shift in mean correlation coefficient (red line) compared to 1000 shuffles of data. (d) Experimental approach to evaluate the contribution of VP to task engagement. Rats received a sucrose reward on every completed trial; on 50% of trials, they also received laser inhibition (top). Specifically, entry into the reward port during the 10s cue triggered delivery of sucrose 500ms later and 5s of constant green laser (bottom). We then evaluated the rats' distance from the port in the subsequent ITI. (e) Example rat coronal slice showing expression of ArchT3.0:YFP, counterstained with Substance P (a marker for VP) and DAPI. Optic fiber damage labeled as "Fiber". (f) All locations of a rat from an example session during the intertrial interval (ITI) following sucrose delivery without laser (left) and with laser (right). Each circle is one location during a 0.2s bin. X marks the location at cue onset for the subsequent trial. Chamber is 29.2cm x 24.4cm (approximately 542 x 460 pixels). (g) Average distance from the port in the ITI following sucrose with and without laser for animals receiving a control virus (YFP, left) or the ArchT3.0 virus (right). Individual rats' data shown in gray lines. * = p < 0.02, Wilcoxon signed-rank test. (h) Fractional change in ITI distance from port for each group of rats, displayed as a box plot and for individual rats. * = p < 0.02, Wilcoxon rank-sum test.
mediates trial-by-trial task engagement. In a new group of rats, we injected virus containing either the inhibitory 146 opsin ArchT3.0-eYFP (n = 7) or eYFP alone, as a control (n = 7), into VP and implanted an optic fiber aimed 147 at VP. We then trained these rats on a similar task; port entry during a 10s cue earned a sucrose reward, but on 148 half of trials, we inhibited VP for 5s beginning at onset of sucrose delivery, mimicking a negative prediction error 149 (Figure 3d -e). Much like maltodextrin delivery (the less-preferred option), optogenetic inhibition of VP increased 150 rats' typical distance from port during the following ITI (p < 0.02, Wilcoxon sign-rank test); however, this was not 151 true in control rats (p = 0.81) (Figure 3f -h). Thus, VP activity is instructive of task engagement-related behavior, 152 suggesting that RPE signals in VP motivate task performance. An expanded value space reveals stronger RPE signaling in VP 154 One shortcoming of our previous experiment contrasting sucrose and maltodextrin is that the similar palatability of the outcomes may not fully probe the limits of value signaling and would thus constrain our ability to identify 156 RPE neurons; maltodextrin delivery does not typically strongly inhibit responses at the time of reward ( Figure   157 1e). We previously found that delivering water, an outcome that was less rewarding than maltodextrin, more 158 strongly inhibited firing rates ('random sucrose/maltodextrin/water' task; 4a-c) (Ottenheimer et al., 2018) . We 159 hypothesized that this expansion of the dynamic range of firing would reveal additional RPE neurons. We applied 160 the same models as before to neurons recorded during this task (n=254) to identify cells with firing that reflected 161 history-based RPEs, current outcome only, or no modulation, with an additional free parameter to estimate the 162 value associated with maltodextrin (on the scale of water (0) to sucrose (1)). As we hypothesized, a greater 163 proportion of neurons was best fit by the RPE model than in the random sucrose/maltodextrin task (31% versus 164 17%, χ 2 = 20.0, p < 0.00001; Figure 4d ). Trial history regressions revealed an impact of many previous trials 165 on these neurons (Figure 4e ). We observed graded changes in firing rates as a function of estimated RPEs for 166 individual neurons (Figure 4f) ; this relationship was consistent in the population-average PSTH (Figure 4g ). The 167 firing rates of these RPE neurons monotonically increased as a function of estimated RPEs, and this relationship 168 was consistent with tuning curves for simulated RPE neurons (Figure 4h) . Moreover, the model's predictions of 169 trial-by-trial spiking for each neuron was robust and stronger than we found in the random sucrose/maltodextrin 170 task (Pearson's correlation coefficient: mean -0.49, median -0.48; Wilcoxon rank-sum test between VP-RPE 171 correlation in 'random sucrose/maltodextrin' vs 'random sucrose/maltodextrin/water' task, p < 0.00001; Figure   172 2e-f). Thus, with outcomes spanning an expanded value space, we found more neurons that encode RPEs, and do 173 so more robustly.
174
VP RPE neuron firing adapts to repeated reward presentations 175 Repeated presentation of the same reward (or sets of rewards) can produce an adaptation in neural responses as 176 the outcome becomes expected (Tremblay and Schultz, 1999; Tobler et al., 2005; Roesch et al., 2007; Kobayashi 177 et al., 2010; Takahashi et al., 2011 Takahashi et al., , 2016 , a phenomenon that can be explained by reinforcement learning. We 178 investigated whether VP neurons also attenuate their reward-evoked firing to repeated outcomes by analyzing 179 the activity of neurons (n = 348) recorded during a variation of the sucrose and maltodextrin task where each 180 reward was presented in blocks of 30 trials (Figure 5a ). We fit the neural activity to the same three models and 181 found a similar number of RPE neurons during this task as in the random sucrose/maltodextrin task (Figure 5c ).
182
Compared to activity in the random task (Figure 5e ), RPE neurons in the blocks task had noticeably elevated 183 firing for sucrose trials relative to maltodextrin at the time of cue onset and port entry, consistent with an acquired 184 reward-specific expectation after repeated trials, and a slightly attenuated difference in firing for the two rewards 185 following reward delivery (Figure 5d ). To determine how the reward-evoked activity evolved across each block, we 186 plotted the activity in 3-trial bins evenly spaced throughout the session (Figure 5f-h) . RPE neurons demonstrated 187 notable reward-specific adaptations: a reduction in activity within sucrose blocks (t 804 = −5.7, p < 10 −7 for a 188 linear model fitting neural activity to session progress for RPE neurons recorded with sucrose block presented first; 189 t 882 = −8.5, p < 10 −10 for RPE neurons when sucrose block was second) and an increase within the maltodextrin 190 block when maltodextrin was second (t 697 = 4.3, p < 0.0001) although not when it was first (t 821 = 0.38,p = 0.71), 191 resulting in a significant interaction between the effects of session progress and outcome on the firing rates of RPE 192 neurons in both session types (sucrose first: t 1501 = −6.8, p < 10 −10 , sucrose second: t 1703 = −6.4, p < 10 −9 ); this 193 was in contrast to neurons best fit by the Current outcome and Unmodulated models (Figure 5f -h, all p > 0.05 for 194 interaction between session progress and outcome). This interaction was also not present in RPE neurons from 195 random sucrose/maltodextrin sessions where rewards were not presented repeatedly within a block (t 3959 = 1.7, 196 p > 0.05). The same reinforcement learning model, therefore, that describes neurons sensitive to trial history 197 when rewards are randomly interspersed can also identify neurons in VP that exhibit adaptation across blocks.
198
Cued information impacts VP firing separately from history-derived information 199 RPEs are frequently modulated by specific cue-reward associations, as is the case for the midbrain dopamine 200 system (Fiorillo et al., 2003; Eshel et al., 2015 Eshel et al., , 2016 Tian et al., 2016) . To assess whether VP neurons that encode 201 outcome-history are also sensitive to cue-based modulation, we trained rats to associate a 'non-predictive' cue 202 with unpredictable sucrose/maltodextrin (like the 'random sucrose/maltodextrin' task), and two 'predictive' cues, 203 the first which fully predicted sucrose and the second which fully predicted maltodextrin (Figure 6a .) As before, 204 consumption of sucrose and maltodextrin was nearly identical across conditions (Figure 6d) , as was the latency to Figure 6 . Cue-and history-derived information are processed separately by VP neurons (a) Three distinct auditory cues indicated three trial types: a 50/50 probability of receiving sucrose or maltodextrin solutions, a 100% probability of receiving sucrose, or a 100% probability of receiving maltodextrin, as seen in the example session (right). (b) Median latency to enter reward port following onset of cue for each trial type, plotted as the mean across all sessions for each rat (gray) and the overall mean. (c) Percentage sucrose of total solution consumption in a two-bottle choice, before ("Initial") and after ("Final") recording. go to the reward port following cue onset (Figure 6b) . 206 We recorded from VP neurons (n = 487) during this task and found once again a prominent difference in activity 207 on sucrose and maltodextrin trials (Figure 6e ). To quantify how predictive cues modulated outcome-evoked firing 208 rates, we augmented the RPE, Current outcome, and Unmodulated models with two free parameters to estimate 209 the contribution of the new cues; thus, each neuron was fit with six models (Figure 6f ). Remarkably, we found 210 that most neurons ( ∼ 78%) were best fit by the cue-agnostic models (Figure 6g ). We alternatively considered a 211 model in which the predictive cue allowed for partial to full cancellation of the RPE, but this model was best for 212 a negligible number of cells (see Methods). 213 We first focused on the neurons without significant cue effects on their outcome signaling to compare with 214 our previous findings. Outcome history regression revealed that these RPE neurons, like previously, incorporated 215 information from multiple previous trials (Figure 6h ). Firing rates varied smoothly as a function of that trial's 216 estimated RPE (Figure 6i ), and RPE tuning curves closely matched those of simulated neurons (Figure 6j ).
217
With the existence of history-dependent RPE neurons established in this task, we next sought to determine 218 how the predictive cues impacted firing. RPE cells were no more likely than Current Outcome or Unmodulated 219 cells to exhibit significant impact of cues on outcome signaling, suggesting RPE responses and predictive-cue 220 responses are independent effects (χ 2 2 = 3.86, p > 0.14; Figure 6g ). In our models, cues were permitted to take 221 on any value; therefore, to better understand how cue information impacted outcome signaling, we plotted the 222 weights for each predictive cue for all neurons with cue effects (Figure 6k) ; we included all neurons because RPE 223 neurons with cue effects were rare (7 of 487 neurons). If cue information is incorporated into outcome signaling in 224 a traditional RPE fashion, sucrose cues should have a positive value and maltodextrin cues should have a negative 225 value. We observed that, although this particular combination (positive sucrose and negative maltodextrin) was 226 the most common parameter estimate, it did not differ from chance (exact binomial test, 0.321 [0.235-0.417] mean 227 [95% CI], p > 0.09 compared to null of 0.25), and in fact there was a whole variety of values assigned to each cue. 228 A possible reason for the lack of a robust relative value effect of the cues is that rats may not have properly 229 learned the cue-reward associations present in this task. To verify that the significance of the cues was properly 230 learned, we estimated the effect of the predictive cues on activity at the time of cue onset, an epoch known 231 to be sensitive to reward value (Tindell et al., 2009; Richard et al., 2016 Richard et al., , 2018 Tachibana and Hikosaka, 2012; 232 Fujimoto et al., 2019; Ottenheimer et al., 2019) . Here we found that 29% of neurons were impacted by cue 233 identity (Figure 6m ). Cells whose cue-evoked firing reflected a positive value for sucrose and a negative value 234 for maltodextrin were the most common category (Figure 6n ), and this distribution of parameters significantly 235 differed from chance (exact binomial test, 0.411 [0.329-0.497] mean [95% CI], p < 0.0001 compared to null of 0.25). 236 This finding indicates that the relative values of sucrose and maltodextrin are represented in the firing evoked by 237 their respective predictive cues, providing evidence of neural learning of cue significance. Therefore, we interpret 238 the diverse impact of predictive cues on outcome signaling that is largely distinct from the impact of outcome 239 history as evidence that these two sources of prediction are separately represented in the VP neural population in 240 this task.
241
DISCUSSION
242
We investigated the influence of outcome history on reward-evoked firing in ventral pallidum (VP) through the 243 lens of reward prediction error (RPE) signaling. Random presentations of two highly palatable outcomes, sucrose 244 and maltodextrin, revealed a subset of neurons in VP that reflected an RPE generated from previously received 245 outcomes and consistent with a preference for sucrose. This RPE signal correlated with measures of task en-246 gagement in the following trial, and optogenetic inhibition of VP following reward delivery reduced subsequent 247 task engagement. When a third outcome with a much lower preference (water) was introduced, the expanded 248 range in outcome values revealed additional RPE-encoding neurons in VP. We further found that RPE neurons neurons expressing Fos, consistent with an indirect mechanism for modulating features of dopamine neuron RPE 300 signaling (Faget et al., 2018) . In songbird, VP has been shown to send performance-related error signals to the 301 ventral tegmental area during singing (Chen et al., 2019; Kearney et al., 2019) , it is yet to be seen whether VP 302 sends error signals directly to ventral tegmental area during reward-seeking behaviors, as well.
303
Considerations for the prominence of ventral pallidal cue-value representations 304 Value signaling in VP is proposed to invigorate behavioral responses (Richard et al., 2016) . It follows, then, 305 that the magnitude difference of VP firing for distinct outcomes would relate to the degree to which subjects 306 discriminate between outcomes behaviorally. In tasks where the outcomes elicit different behavioral responses, VP 307 cue-evoked activity readily discriminates among trial types (Tindell et al., 2009; Tachibana and Hikosaka, 2012; 308 Richard et al., 2016 308 Richard et al., , 2018 Ottenheimer et al., 2019; Stephenson-Jones et al., 2019) . In our task with predictive 309 cues, we used sucrose and maltodextrin as outcomes, which elicit nearly identical consumption patterns (Figure 310  6d) . This approach permitted exploration of value signaling without the confound of a motor component (if, for 311 example, ventral pallidum were critical for lick patterning) and allowed us to conclude that VP neurons signal 312 RPE related solely to reward preference. Nevertheless, our setup compromised the exploration of the behavioral 313 relevance of discriminating between outcomes and thus may have led to less specific cue-value neural representations 314 in VP (Figure 6g) . As was the case with outcome history-sensitive signaling in the sucrose/maltodextrin/water 315 task, a version of the predictive task where the outcomes differed more in value might reveal a larger influence of 316 cue-based expectation on VP signaling.
317
Another intriguing possibility is that VP does not update the values of particular cues or actions, but rather 318 updates estimates of average environmental reward over behaviorally-relevant timescales. Theories and experi-319 ments have suggested that average environmental reward signals are critical for invigorating behavior (Niv et al., 320 2007; Yoon et al., 2018; Bari et al., 2019; Wang et al., 2013; Hamid et al., 2016) . Intriguingly, subtle manip-321 ulations of VP slow response vigor (Richard et al., 2016) and gross manipulations are typically associated with 322 motivational deficits (Farrar et al., 2008; Smith et al., 2009 ). Both of these effects are consistent with a role for 323 VP in computing average reward. Our finding that the activity of VP RPE cells correlates with subsequent task 324 engagement, and that photoinhibtion of VP reduces subsequent task engagement, additionally supports this idea 325 (Figure 3) . Future experiments that incorporate tasks with greater motivation and learning demands will inform 326 more definitive conclusions.
327
In summary, we demonstrate the existence of quantitative RPE signals in VP, an important limbic input to 328 the midbrain dopamine system. Our findings highlight a critical role for VP in value-based learning and suggest 329 a need to better understand how dysfunction of this relatively understudied region may contribute to disorders of 330 reward processing. 
343
METHODS
344
Animals. Subjects for electrophysiology experiments were male Long-Evans rats (n=15) from Envigo weighing 345 250-275g at arrival. Subjects for the optogenetic experiment were male (n=6) and female (n=8) Long-Evans rats 346 from Envigo weighing 200-275g at arrival. Rats were single-housed on a 12hr light/dark cycle and given free access to food and water in their home cages for the duration of the experiment. All experimental procedures trained on the task again until they became accustomed to performing the task while tethered via a cable from 398 their headstage to a commutator in the center of the chamber ceiling. Electrical signals and behavioral events 399 were collected using the OmniPlex system (Plexon) with a 40kHz sampling rate. For rats in the random and 400 blocked sucrose/maltodextrin tasks, we continued to record from the same location for multiple sessions if new 401 neurons appeared on previously unrecorded channels. For the random task, if multiple sessions from the same 402 location were included in analysis, the same wire was never included more than once. For the blocked task, we 403 occasionally included a wire in the same location twice if each of the two sessions had a different block order. If no 404 neurons were detectable or following successful recording, the drive was advanced 160µm, and recording resumed 405 in the new location at minimum two days later to ensure settling of the tissue around the wires. For rats in the 406 predictable and random sucrose/maltodextrin task, we maintained the wires in the same position for the duration 407 of the experiment. Each wire from these rats only contributed to the included dataset once.
408
Optogenetic inhibition. At least 5 weeks after surgery and completion of operant training, rats with eArchT3.0-409 eYFP or eYFP rats were habituated to patch cord connections. Animals were connected via a ceramic mating sleeve 410 to a 200 µm core patch cord, which was then connected through a fiber-optic rotary joint (Doric), to another patch 411 cord which interfaced with a 532 nm DPSS laser (Opto-Engine LLC). The time of laser delivery was initiated by 412 TTL pulses from MedPC SmartCTRL cards to a Master9 Stimulus Controller (AMPI) which dictated the duration 413 of stimulation. For this experiment, rats were trained on a variation of the random sucrose/maltodextrin task 414 where instead of maltodextrin delivery, rats received sucrose + continuous (5 sec, 15-20 mW) photoinhibition of 415 VP. For these sessions the reward volume was reduced to 55µL and the total number of trials was increased to 90. 416 In our analysis, we only included rats who completed at least 30 trials and had both fibers and viral expression 417 in VP. This resulted in 7 rats in each group: 4 males and 3 females in the ArchT3.0 group, and 2 males and 5 418 females in the YFP group.
419
Histology. Animals were anesthetized with pentobarbital. For rats in the electrophysiology experiments, electrode 420 sites were labeled by passing a DC current through each electrode. All rats were perfused intracardially with 0.9% 421 saline followed by 4% paraformaldehyde, after which brains were extracted and post-fixed in 4% paraformaldehyde 422 for 24hrs. Brains were then transferred to 25% sucrose for at minimum 24hr before being frozen and sectioned 423 into 50um slices on a cryostat. Slices from electrophysiology rats were then stained with cresyl violet to determine 424 recording sites. For slices from rats from the optogenetic experiment, we performed immunohistochemistry for 425 GFP and substance P (SP), in order to identify the localization of virus expression and fiber placement within the 426 borders of VP. Sections were washed in PBS with bovine serum albumin and triton (PBST) for 20 minutes, and 427 incubated in 10% normal donkey serum in PBST for 30 minutes, before incubating in primary antibody (mouse 428 anti-GFP 1:1500 Thermo Fisher #A11120, RRID: AB 221568; rabbit anti-SP 1:6500 Immunostar #20064, RRID: 429 AB 572266) in PBST overnight at 4C. Sections were then washed with PBST 3-times, incubated in 2% normal 430 donkey serum in PBS for 10 minutes, and incubated for 2 hours in secondary antibody in PBS (Alexa Fluor 488 431 donkey anti-mouse 1:200 Thermo Fisher #A21202, RRID: AB 141607; Alexa Fluor 594 donkey anti-rabbit 1:200 432 Thermo Fisher #A21207, RRID: AB 141637). Sections were then washed with PBS 3-times, mounted on coated 433 glass slides in PBS, air-dried, and coverslipped with Vectashield mounting medium with DAPI.
434
Spike sorting and initial analysis. Spikes were sorted into units using offline sorter (Plexon); following initial 435 manual selection of units based on clustering of waveforms along the first two principal components, units were 436 separated and refined using waveform energy and waveform heights at various times relative to threshold crossing 437 (slices). Any units that were not detectable for the entire session were discarded. Event creation and review of 438 individual neurons' responses were conducted in NeuroExplorer (Nex Technologies, AL). Cross-correlation was 439 plotted for simultaneously recorded units to identify and remove any neurons that were recorded on multiple 440 channels. All subsequent analysis was performed in MATLAB (MathWorks, MA).
441
PSTH creation. Peri-stimulus time histograms (PSTHs) were constructed using 0.01ms bins surrounding the 442 event of interest (generally, reward delivery). PSTHs were smoothed using a half-normal filter (σ = 6.6) that only 443 used activity in previous, but not upcoming, bins. Each bin of the PSTH was z-scored by subtracting the mean 444 firing rate across 10s windows before each trial and dividing by the standard deviation across those windows (n = 445 # of trials). PSTHs for licking were created in the same manner (without z-scoring) using 0.05ms bins and σ = 8. 446 Model fitting. For each neuron, we took the spike count, s(t), within the 0.75-1.95s post-reward delivery time 447 bin for each trial and fit Poisson spike count models. For the random and blocked sucrose/maltodextrin tasks, we 448 fit the following three models.
RPE model
where V (t) is the expected value, δ(t) is the RPE, o(t) is the outcome and α is the learning rate. For the tasks 451 with sucrose and maltodextrin outcomes, we coded o(t) = 0 for maltodextrin, and 1 for sucrose. For the tasks with 452 sucrose, maltodextrin, and water outcomes, we coded o(t) = 0 for water, 1 for sucrose, and ρ for maltodextrin, a 453 free parameter we estimated during model fitting. To map RPEs to spike counts, we used a as a slope (gain) and where s is the mean firing rate.
459
For the predictable and random sucrose/maltodextrin task, we added the following three models
If a sucrose-predicting cue was given
If a maltodextrin-predicting cue was given
If a non-predictive cue was given
where V sucrose and V maltodextrin are free parameters for the values of the sucrose-and maltodextrin-predicting 462 cues, respectively.
463
Current outcome + cue model 464 If a sucrose-predicting cue was given
To estimate predictive cue effects on firing at the time of the cue, we fit the Unmodulated model and Unmod-466 ulated + cue model, with V sucrose and V maltodextrin sign-flipped. 467 We also considered RPE models in which the predictive cue allowed for partial to full cancellation of RPEs.
468
We fixed V sucrose = 1 and V maltodextrin = 0 and set w as a free parameter. If w = 0, this is equivalent to the 469 RPE model, and if w = 1, the predictive cues allow for full cancellation of the RPE (η(t) = 0). Intermediate values 470 of w allow the predictive cues to partially cancel the history-based RPE. This model was best for a negligible 471 number of neurons. 472 We only analyzed trials in which the rat licked within the first two seconds of reward delivery, to ensure that 473 they sampled the outcome. For all RPE models, V (1) was initialized to 0.5. For all models with a slope parameter, 474 we constrained the slope, a, to be > 0, as previous work showed that a trivial fraction of VP neurons preferentially 475 encode low-value rewards (Ottenheimer et al., 2018) . We found maximum likelihood estimates for each model 476 and selected the best model using Akaike information criterion (lower AIC indicates a better fit, after taking into 477 account the number of parameters). We used 10 randomly-selected starting initial values for each parameter to 478 avoid finding local minima.
479
Correlation and RPE tuning curves for real and simulated neurons. For neurons best fit by the RPE 480 model, we report correlations between real and predicted spike trains, as well as RPE tuning curves for real and 481 predicted spikes. For each neuron, we estimated the Pearson correlation coefficient between real spikes and 501 482 independent model-generated spike count trains, using parameters estimated from the same neuron, and report 483 the median correlation. The median-correlated spike count is plotted in Figure 2e , 4i. We also compared the mean 484 and standard deviations of real vs simulated spike counts in Figure X . To generate RPE tuning curves for real 485 spikes, we took z-scored spike counts and binned according to estimated RPEs. We performed this procedure for 486 all RPE neurons and report the average tuning curve. To generate tuning curves for predicted spikes, we simulated 487 spike trains using neuron-derived parameter estimates and followed the same procedure.
488
Model recovery. We simulated 200 RPE model neurons, 200 Current outcome model neurons, and 200 Unmod-489 ulated model neurons to assess whether our modeling recovery strategy could correctly classify neurons. For each 490 neuron, we simulated 55 trials of the random sucrose/maltodextrin task. We constrained α to 0.15 to 0.85, slope 491 (a) to 1 to 4, and the intercept (b) to −5 to 5. We again used 10 randomly-selected starting initial values for each 492 parameter to avoid finding local minima.
Outcome history-based linear regression. To estimate how the outcome of the current and previous trials affected the firing rate of the current trial, we conducted a complete-pooling linear regression analysis. We z-scored the firing rate of each neuron using the baseline activity across the set of 10s bins prior to each trial and combined Figure S 4 . Placements for predictable and random sucrose/maltodextrin rats. Recording locations for rats from predictable and random sucrose/maltodextrin experiment in Figure 6 .
